Recent methodological developments provide a way to incorporate the temporal dimension, when accounting for spatial effects in hedonic pricing. Weight matrices should decompose the spatial effects into two distinct components: i) bidirectional contemporaneous spatial connections; ii) and unidirectional spatio-temporal effects from past transactions. Our iterative estimation approach explicitly analyses the role of time in price determination. The results show that: both spatio-temporal components should be included in model specification; past transaction information stops contributing to price determination after 8 months; limited temporal friction is exhibited within this period.
Introduction
The role of the spatial dimension in the house price determination process has been widely recognized for a while now (Can, 1992) , whereas the role of the temporal dimension has been typically restricted in part of the literature to price indices Shiller, 1989, 1987; Case et al., 1992; Clapp and Giacotto, 1992) . According to recent real estate literature Legros, 2013a, 2014a; Nase et al., 2016; Thanos et al., 2016 ) using hedonic pricing (HP) models, the spatial connections can be decomposed to account for the data not being strictly spatial, but rather spatio-temporal in nature. Arrow of time violations can occur, when the spatial aspect of the data is modelled and the temporal aspect is ignored Legros, 2013a, 2014a; Nase et al., 2016; Thanos et al., 2016) . It is also stressed that real estate transaction data are not spatial panel data, as individual observations occur in a specific place at a particular time and are treated as being strictly independent (Thanos et al., 2016) .
The temporal dimension of real estate transaction data allows the introduction of what professional real estate agents typically refer to as the "comparable sales" approach (Isakson, 2002; Des Rosiers et al., 2011; Thanos et al., 2016) . Modelling such effects exhibits methodological challenges, since the "comparable sales" effect involves transactions occurring in the past and thus the temporal dimension must necessarily be taken into account.
In fact, the temporal dimension introduces constraints on the spatial connections. The most common approach that expresses these temporal constraints on spatial relations is based on a lower-triangular specification of the weight matrix W 1 (Can and Megbolugbe, 1997; Pace et al., 1998) . However, this representation is quite restrictive, as it does not allow the introduction of spatial bidirectional "spillover" relation, which is one of the main features of spatial econometrics (Elhorst, 2014; LeSage and Pace, 2009) . Moreover, the strictly lower triangular specification of the weight matrix assumes that there is no time decay in the spatial information. 2 The consideration of the bidirectional spatial relations is possible when the spatial weight matrix is based on a block-diagonal decomposition (Dubé and Legros, 2013b) . In this case, a "peer effect" is assumed to occur within the same time period or a pre-defined time window, and the decomposition of the marginal effect into the direct and total effects is possible (LeSage and Pace, 2009 ). Hence, spatial effects for real estate transaction data can be split into two distinct components (Thanos et al., 2016) : i) a bidirectional contemporaneous spatial "peer effect" (i.e. the typical spatial autoregressive effect) and ii) a unidirectional spatiotemporal past price effect (i.e. the comparable sales effect). However, there little empirical evidence in the literature on how the relationships in these components should be specified.
This paper provides empirical evidence on the performance of different spatio-temporal specifications, developing the research of Dubé and Legros (2013a; 2014a) and Thanos et al., (2016) across the following novel, but highly interrelated, aspects: i) The performance of the spatio-temporal model, accounting for both bidirectional (peer) and unidirectional (comparable) spatial connections, is tested against the typical spatial specification and the lower triangular matrix specification. ii) An approach of simultaneously determining the optimal temporal distance friction parameter and the critical temporal cut-off point (horizon) is specified. This specification of the temporal friction and cut-off point is further validated by out-of-sample estimation. iii) The difference between the strictly spatial (misspecified) and the spatio-temporal approach is examined by looking at the correlation between the different matrices. This tests whether temporal restrictions to spatial connections can address LeSage's and Pace's (2014) "biggest myth in spatial econometrics", concerning spatio-temporal data contexts.
The rest of the paper is structured into the following sections. The second section discusses the theoretical principles and the resulting methodological approach. The third section illustrates the empirical strategies for building appropriate weight matrices, and data used for the analysis. The fourth section presents the empirical results of applying the models to data from Aberdeen, Scotland. The fifth section of the paper draws conclusions and identifies the current and future challenges related to modelling real estate transaction data.
Revisiting Spatial and Spatio-temporal HP Models

Theoretical framework
In the hedonic pricing (HP) method (Rosen, 1974) , the price yit of house i sold at time t, is expressed as a function of its characteristics, xikt, in equation 1. Assuming that the relation is linear in parameters, the estimated coefficients, βk, express the implicit price of each of the k = 1, 2, …, K amenities. The time dummy variables are represented by Dit, and their parameters, δt, control for the nominal evolution of the prices and capture temporal heterogeneity (Wooldridge, 2001 ).
Kuminoff and Jarrah (2010) contend that if spatially delineated attributes are conveyed through the location of a house, it seems reasonable to assume that each house is perceived as unique by consumers. Following Thanos et al. (2016) , this framework is extended to include the temporal dimension. House prices yit are time-variant due to constant shifts in market conditions and household preferences. Each house price is reached by local equilibria between supply and demand for the housing attribute bundles at the specific time t and location i. The hedonic price of each house can only analysed through the available information to buyers up to the time of the sale. The buyer is influenced by other sales in temporal and spatial proximity that provide information on how non-identical bundles of housing attributes are capitalised in the market.
We provide here a detailed description of the a priori expectations for the data generating process (DGP) in this paper. Apart from the information on all observable attributes xikt of house i at time t, the buyer: a) may interact and compete with other buyers and sellers directly or through agents within the very limited time period typically contingent to market specific sale procedures and mechanisms. These interactions are not observed by the researcher, but the resulting house prices are. Hence, the price yht of spatial neighbour h serves as a proxy for this interaction. By definition, this contemporaneous effect exists as long as the final prices are not observed by the competing buyers (see below for the alternative case). This is a short-term endogenous effect that has a strong pecuniary aspect, but can also capture short term reactions to technological shocks, if these are prominent in the data.
b) has also access to information on the past sale price yj(t-θ) of house j in time t-θ.
The effects from a past sale yj(t-θ ) are unidirectional and can include pecuniary and technological spillovers. Explaining further the comparable past sales paradigm, the market participants treat past sale prices as information sources for the equilibrium between housing supply and demand that changes across time and space. This denotes that market participants seek sale prices, as proximal in time and space as possible, to minimise information decay. θ is the cut-off point of how far in the past market participants will look for information. Information from sales not proximal is discounted accordingly to spatio-temporal distance until there is no effect from that information (Thanos et al., 2016) .
As illustrated in the discussion above, these effects are specified as autoregressive terms, 
where the parameters ψ and ρ represent the "comparable sales" and "contemporaneous peer" effects respectively. Time and space have different measurement units. Therefore, temporal distance is treated as a time decay function that multiplies a function of the spatial distance. The spatio-temporal distance wij between observations i and j is given by the product of the function spatial distance dij multiplied by a function of the temporal distance τij [w ij = ( ) × ( )]. This suggests a Hadamard product is the appropriate way of combining spatial and temporal distance matrices in a single spatio-temporal matrix (Thanos et al., 2016; Dubé and Legros, 2013a) .
Spatial econometrics HP models typically rely on the "exogenous" specification of the weight matrix, W, which is not without challenge. These challenges focus on the overconnectivity problem (Smith, 2009) , the unit roots problem of the spatial autoregressive coefficient (Dubé and Legros, 2013a; 2013b) , the imprecision of the out-of-sample performance (Dubé and Legros, 2014b) , and the challenge of identifying an appropriate data generating processes that is not subject to the endogeneity criticism (Gibbons and Overman, 2012; Gibbons et al., 2014) . Furthermore, LeSage and Pace (2014) argue that changing the a priori specified number of spatial relations expressed in matrix W does not necessarily lead to changes in the model results, as the correlation between the different spatial matrix specifications is very high. The STAR HP framework introduced in this section provides the premise for empirical tests on the performance of different STAR specifications below that partly address these challenges.
The spatial and spatio-temporal HP models
This section provides the different models that represent the constrained versions of STAR we are testing for, after we briefly discuss spatial autoregressive (SAR) model. and NΓ is the total number of observations ( Γ = ∑ =1 ). 4 In strictly spatial representations, W is typically, but not necessarily, a symmetric weight matrix expressing only the spatial relations between the individual observations.
The vectors of parameters, δ and β, are, respectively, of dimension [(T -1) × 1] and (K × 1), while α is a scalar, vector ι is composed of elements equal to 1 and is of dimension (NT × 1). The vector of error terms, ε, is also of dimension (NΓ × 1). This specification has been quite popular allowing for the estimation of spatial spillover effect (LeSage, 2014; Elhorst, 2014; LeSage and Pace, 2009 ). However, this representation holds only for purely cross-sectional data, which is not the case for disaggregate real estate transaction data.
As already discussed, W must be constrained according to the temporal relations (Thanos et al., 2012 (Thanos et al., , 2015 Dubé and Legros, 2013b; Dubé et al., 2013; Huang et al., 2010; Smith and Wu, 2009; Nase et al., 2016) . One way to ensure that the spatial connections capture only the effects from previous observations is to adopt a lower triangular weight matrix, noted W. The use of this matrix transforms the model to a unidirectional spatiotemporal autoregressive (STAR-U) model in equation 4.
In this case, the autoregressive coefficient, ψ, captures the effect of past observations on current observations or the unidirectional comparable sales effect. The distinction between indirect and direct marginal effect is not possible here (LeSage and Pace, 2009 ).
The advantage of such specification is that the model can be estimated by ordinary least squares (OLS) or generalized least squares (GLS) (Pace et al., 1998; Can and Megbolugbe, 1997) . This is because the variable Wy is information from previous time periods (t-θ) and hence strictly exogenous from the perspective of economic agents (buyers and sellers) in the current time period (t). The strictly lower-triangular specification, without any temporal friction (decay) and temporal horizon (cut-off point),
may not fully account for the temporal distance between the observations. The specification in equation 4 
An advantage of such specification is that the calculation of the (direct, indirect and total) marginal effects can be obtained using the weight matrix and the estimated value of the parameter ρ (LeSage, 2014).
Equation 6 provides in matrix notation the STAR model of equation 3 that includes both
Wy and Sy. y = ρSy +ψWy + ια + Dδ + Xβ + ε
This specification estimates both ρ and ψ, the bidirectional and unidirectional effects respectively. Here, the direct, indirect and total marginal effects could be calculated using the ρ, while the ψ coefficient can be used to evaluate short and long-run marginal effects, as in the STAR-U model (Dubé et al., 2017) . two fronts. First, selecting a specification of the spatial relations (Chen, 2012) through spatial friction parameters to avoid the spatial over-connectivity bias (Smith, 2009 ).
Second, the specifying the temporal relations that includes the simultaneous choice of temporal distance functional form, the temporal friction parameter value, and the temporal cut-off criteria, which are a function of the number of previous time periods included in the weight matrix W. For example, the temporal relations can be limited to only the previous time period (t -1) or can be extended to a global temporal scale (t -θ,
. Hence, one of the main research questions comes into focus: how can the optimal temporal distance be empirically determined.
Methodological approach and data
Construction of the weight matrices
This paper focuses on temporal effects ceteris paribus 5 , hence we need to specify a common for all models, yet flexible, spatial weight matrix. Chen (2012) provides a comprehensive discussion on the choice of the spatial weight matrix depending on the data scale and context. The individual spatial connections, sij, used to build the spatial weight matrix, are given in equation 7.
To avoid the over-connectivity problem, the critical distance cut-off point is adjusted for each individual observation i, as ̅ is the mean distance of i to all other observations. This ensures each observation has at least one spatial connection, the strength of which varies according to the dwelling density of the observation's location (Dunse et al., 2013) . 5 We test iteratively amplitudes of temporal distance over a number of different specifications. If we were to simultaneously test an equivalent iterative regime for spatial distance specification, then the combinations of the different options and hence models would be in the thousands. Hence, in this paper we have to rely on the theory, on past literature and similar application in this specific context for the best specification of the spatial weighting regime.
The temporal distance is based on a general element, τij, expressing the time elapsed between observations of i and j in equation 8. which is commonly employed in typical SAR models applied to housing transactions, is set to zero in our models. The information on the temporal distances is used to build the spatial weight matrices that capture the bidirectional spatial effect (S) or unidirectional spatial effect (W).
Two types of the temporal distance transformation (or functional form) are tested for W.
The inverse of the temporal distance, shown in equation 9, and the negative exponential transformation in equation 10. Both equations introduce the temporal cut-off criteria θ, making possible to test the influence of a temporal "horizon" of past price information.
We also test different values of γ in equation 9, looking for the optimal temporal friction parameter. The temporal friction is set to negative exponential in equation 10.
The elements of the weight matrix S express the contemporaneous spatial relations between observations and are given in equation 11.
As discussed in section 2.1, the spatio-temporal relations are expressed using the Hadamard product of spatial and temporal distances [w ij = ( ) × ( )] (Dubé and Legros, 2014c; Dubé et al., 2014; Thanos et al., 2016) .
Empirical strategy
In this section, we provide the empirical strategy of determining the best fitting model specification, and the optimal temporal distance friction and cut-off point. It is noted that the full sample is split in two sub-samples to allow out-of-sample estimation. Using the STAR, STAR-U, or STAR-B), we proceed to out-of-sample prediction, looking at the changes in prediction power of our preferred model form, when we compare the temporal transformations in equations 9 and 10 across a range of the temporal cut-off θ values.
Data
The total sample available for estimation covers the housing market in Aberdeen, in To perform out-of-sample prediction, the total sample is first split in two sub-samples 6 .
The models based on unidirectional spatial effect require that at least one time period is employed as a reference period. To ensure that Wy is well defined, the first period of the sample is dropped from the estimation procedure in all data samples used for estimation and forecasting (Dubé et al., 2014; Dubé and Legros, 2014b; .
The first sub-sample has 9,348 7 and the second 9,187 observations, after dropping 107
and 114 transactions respectively occurring in the first quarter of 2004, as shown in Table   1 . A χ 2 test cannot reject at the 99% level that the difference in temporal distribution between the two-subsamples is zero. Table 2 provides the descriptive statistics for all the data and the two subsamples.
6 A random variable based on a uniform law is first created. If the value of the new variable is lower than 0.5, than the observations are classify in the first sub-sample. Otherwise, the observations are classify in the second sub-sample. 7 11 observations were dropped from estimation, due to being far outside the urban structure of Aberdeen. 
Estimation Results
This section discusses the estimation results, following the empirical strategy set in section 3.2. The results of the iterative estimation process to determine the optimal temporal friction parameter γ across a range of temporal cut-off θ values are presented in Figures 2 and 3 for STAR-U and STAR models respectively. The results are striking and consistent for both models. The goodness of fit is not improved beyond a θ of 8 months, but optimal γ is very close to zero (0.05). This denotes that information from past transactions stops contributing to the price determination process after the elapse of 8 months. More importantly, there is almost no temporal friction for the price information within the 8 months' time-horizon. Having determined an optimal γ of 0.05 for STAR-U and STAR, we proceed to compare the goodness of fit across specifications. The AIC, BIC and LL in Tables 3, 4 and 5 suggest that STAR-U exhibits better fit to the data than STAR-B and the base model across the board. Hence, the dominant spatial connection appears not to be the contemporaneous "peer" effect, as it is typically assumed in strictly spatial econometrics models, but the unidirectional spatio-temporal connections conceptualized as the comparable sales approach. The LR tests in Tables 4 and 5 demonstrate that a STAR specification including both ρ and ψ improves goodness-of-fit at the 99% level of significance compared to all STAR-U and STAR-B specifications. Hence, the unidirectional spatial effect is quite an important component to explain price determination process, a conclusion that was reached in a similar exercise for Paris real estate data between 1990 and 2001 (Dubé and Legros, 2014b) . It is also clearly demonstrated that it is preferable to include in the modelling process both peer effect and comparable sales. 178.6*** 83.6*** 47.0*** 32.6*** 27.4*** 24.3*** 20.6*** 17.3*** 17.3*** LR statistic (STAR vs STAR-B) 294.1*** 394.4*** 423.8*** 456.4*** 471.8*** 472.2*** 477.5*** 480.2*** 477.2*** ***p < 0.01; ** p < 0.05, we use the 1st Sub-sample for this estimation. (STAR vs STAR-U) 178.6*** 103.0*** 80.8*** 74.5*** 72.5*** 71.9*** 71.6*** 71.5*** 71.5*** LR statistic (STAR vs STAR-B) 294.1*** 365.4*** 384.7*** 392.9*** 395.5*** 396.1*** 396.4*** 396.4*** 396.5*** ***p < 0.01; ** p < 0.05, we use the 1st Sub-sample for this estimation.
Model comparisons based on data fit
The STAR (and STAR-U) specification in Table 4 shows the optimal temporal horizon θ is 8 months, when employing the inverse temporal distance format, consistent with Figures 2 and 3. Even though LL flattens out after 7 months in Table 5 similarly to Table   4 , there are minimal goodness of gains even at a 9 months θ. AIC, BIC, and LL show the inverse temporal distance (equation 9) specification in Table 4 to fit the data better than the negative exponential (equation 10) Table 5 . However, we cannot conduct LR tests between the two specifications, as no extra parameters are directly estimated. Therefore, out-of-sample prediction exercise on STAR is employed in the next section to further examine and validate which of the two specifications of temporal friction provide better prediction power.
4.2
Out-of-sample prediction of the temporal specification and cut-off point
As discussed in section 3.2, when conducting out-of-sample estimation, the second subsample is used to make predictions based on the estimated parameters by the first subsample. The predicted values are then compared with the observed values and the correlation between the two is calculated. A specification is considered better if the outof-sample performance measured by the correlation is higher using the reduced form of the specification 8 . We proceed to out-of-sample estimation, looking at the changes in prediction power of STAR, when we compare the temporal transformations in equations 9 and 10 across a range of the temporal cut-off θ values Table 6 shows the optimal time cut-off θ to be 5 months for the negative exponential (equation 10) and 8 months for inverse temporal transformation (equation 9). Consistent with the estimation results in the previous section, the inverse temporal transformation produces higher correlation values in Table 6 than negative exponential transformation, denoting higher predictive power. Hence, this is our preferred specification showing that information from sales further than 8 months in the past does not contribute to the price determination process. 
Correlations between spatial and spatio-temporal matrices
A corollary issue is underlined by LeSage and Pace (2014) as the "biggest myth of spatial econometrics", which lies on the misconception that a small change in the construction of the weight matrix will translate to significant changes in the results. They argue that different types of spatial weight matrices are typically highly correlated with each other.
They proceed to demonstrate that varying the number of nearest neighbours and comparing it to a contiguity weight matrix has limited effect on correlation that substantially exceeds 0.5 between the two types of matrices. We follow their approach to test whether accounting for the temporal dimension in the weight matrix construction reduces the correlation between the different matrix specifications.
The results in Table 7 show that the full spatial weight matrix W is weakly correlated with S, and W. The correlation between W and S is 0.135, while the correlation between W and the spatio-temporal matrix W ranges between 0.15 and 0.42. Moreover, the correlations between the block diagonal structure S and the lower triangular W specifications are close to zero. It is evident that the STAR configuration has low overall correlation to all the full spatial weight matrix. Hence, inserting the temporal dimension into typical spatial weight matrices introduces significant variability of information and moves of away from the conditions of the "biggest myth of spatial econometrics" (LeSage and Pace, 2014). (N(0,1) ) according to Lesage and Pace (2014) . γ = 0.05 for the exercise Summarizing, the novelty of our research approach, extending the Dubé and Legros (2013a; 2014a) and Thanos et al., (2016) approaches, is underlined by the flowing unique findings: i) the model results clearly show that the two spatio-temporal components, the bidirectional "peer" and unidirectional "comparable sales" connections, should be included in the specification, reinforcing the theoretical underpinnings; ii) the spatial bidirectional weight matrix (S) and the unidirectional weight matrix (W) clearly return different results to the full spatial weight matrix (W), as illustrated by the very low correlation, addressing the concerns in LeSage and Pace (2014) ; iii) the optimal temporal horizon (cut-off) is around 8 months, beyond which information is heavily discounted and does not improve the overall model fit; and iv) the inverse temporal transformation works best for constructing spatio-temporal weight matrices with a very low, close to zero, temporal friction γ. Thus, at least in the case of Aberdeen, we underline the nonlinearities of the temporal aspect in the price determination process.
Conclusions
This paper specified and compared different versions of the STAR model that account for temporal constraints on spatial relations, improving the performance of the HP model. The empirical analysis is based on a case study of real estate transactions in Aberdeen, Scotland. Different models, temporal distance transformations, friction parameters, and cut-off points were tested and compared, in order to conclude to an overall optimal specification. The approach included an out-of-sample estimation by decomposing the sample of 18,535 observations into two sub-samples.
The results regarding the performance of the models according to the choice of the weight matrix are not unique in the literature (Dubé and Legros, 2014a , 2014b , 2013a , 2013b . However, this is the first time that in conjunction with best data-fit comparisons and statistical tests between competing specifications, a formal out-of-sample prediction approach is proposed to determine optimal temporal distance lengths and transformations. This work contributes to the body of proof that real estate modelling needs to account for the particularity of transaction data regarding the temporal aspects of seemingly spatial relations.
The paper demonstrates that the spatial relations are more complex than the contemporaneous "peer" effect, routinely captured through strictly spatial weight matrices in the literature. The results clearly show that the two spatio-temporal components, bidirectional "peer" and unidirectional "comparable sales", should be both included in STAR HP models. The configuration of spatio-temporal weight matrices in STAR also exhibits very low correlation to the misspecified spatial weights in SAR, and hence the high variability of spatio-temporal information. Furthermore, the dominant spatial connection appears not to be the contemporaneous "peer" effect, as it is typically assumed in strictly spatial econometrics models, but the unidirectional spatio-temporal connections conceptualized as the comparable sales approach.
This suggest that the "comparable sales approach" used by the real estate professionals is a well internalized process for price determination. However, the complete spatiotemporal scheme proposed here underlines the misgivings of real estate appraisal frameworks that are based on arbitrary time-horizons and spatio-temporal "friction". The findings here denote that information on transactions stops contributing to the price determination process after the elapse of 8 months. The inverse temporal transformation works better that the negative exponential, showing very limited spatio-temporal friction (or decay) within the 8 month time-horizon of our data.
This result might be seen to attribute a fairly limited "memory" to the market. While the conclusion of this paper does not systematically extend to other data and contexts, the suggested methodology provides interesting opportunities for comparisons in future research. In a very recent study, Hyun and Milcheva (2016) find that the spatio-temporal effect of past price information changes in boom and recession conditions in Korea.
However, they only assume a 6 months information decay amplitude, instead of testing it.
The time horizon of past price information could be one of the key changes in boom and recession periods, along with the magnitude of the effect, as heuristics and anchoring, lagged responses, and behavioural biases affect housing consumers' attitudes (Scott and Lizieri, 2012; Haurin et al., 2013; Thanos and White, 2014 ).
More work is required to develop and disseminate modelling tools for spatial/spatiotemporal connections (bidirectional and unidirectional) in real estate. The extension of this approach from STAR to models that include spatio-temporal error terms is one avenue of further research. The limitation of determining the optimal spatial specification (Vega and Elhorst, 2015) simultaneously to the optimal temporal specification determination highlights the need for further development in processes and algorithms for efficient selection and combination of spatial and temporal distances. We hope that this application will spur practitioners and academics to develop appropriate tools for dealing with spatial data with temporal dimension.
